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therapy. Single-cell RNA sequencing (scRNA-seq) was performed to explore
the tumor microenvironment. Nearly, 60 publicly available multiomics data
sets were analyzed. The associations between FAD subtypes and response
to sorafenib, transarterial chemoembolization (TACE), immune checkpoint
inhibitor (ICl) were assessed in patient cohorts, patient-derived xenograft
(PDX), and spontaneous mouse model Is. A novel molecular classification
named F subtype (F1, F2, and F3) was identified based on the FAD path-
way, distinguished by clinical, mutational, epigenetic, metabolic, and
immunological characteristics. F1 subtypes exhibited high infiltration with
immunosuppressive microenvironment. Subtype-specific therapeutic strat-
egies were identified, in which F1 subtypes with the lowest FAD activities
represent responders to compounds YM-155 and Alisertib, sorafenib, anti-
PD1, anti-PD-L1, and atezolizumab plus bevacizumab (T + A) treatment,
while F3 subtypes with the highest FAD activities are responders to TACE.
F2 subtypes, the intermediate status between F1 and F3, are potential
responders to T + A combinations. We provide preliminary evidence that the
FAD subtypes can be diagnosed based on liquid biopsies.

Conclusions: We identified 3 FAD subtypes with unique clinical and bio-
logical characteristics, which could optimize individual cancer patient therapy

INTRODUCTION

Liver cancer is ranked as the sixth most common
neoplasm and the fourth leading cause of cancer death,
in which HCC accounts for about 85%-90%.!"1 HCC
displays high complexity and heterogeneity of molecular
phenotypes. Molecular classification is a promising tool
for optimizing prognosis prediction and precision medi-
cine for an individual patient.2 Recent advances in
multiomics have led to unprecedented efforts in charac-
terizing the molecular classifications of HCC based on
histopathological, mutational, transcriptomic, and epige-
netic landscape generated from microarray, RNA
sequencing (RNA-seq), and proteomics platforms, lead-
ing to the definition of several subgroups from chromo-
somal, mutational, metabolic, and immunological
perspectives.>-8l Although these classifications depict
parts of the molecular mechanisms and stratify patient
prognosis, classification based on a single signaling or
metabolic pathway that could guide personalized therapy
is still lacking.

Dysregulation of fatty acid (FA) metabolism has
increasingly emerged as a hallmark of cancer cells.l!
Cancer cells frequently exhibit alterations in FA metab-
olism to sustain growth and proliferation, fulfill energy
requirements, provide cellular building blocks for mem-
brane formation, and produce signaling molecules or
post-translational modifications.['”) FAs can be

and help clinical decision-making.

degraded by means of different pathways including a-,
-, and w-oxidation, occurring in the mitochondria and
the peroxisomes.'l A growing body of evidence
suggests that the enhanced de novo FA synthesis is
an important feature of HCC.['?l By contrast, fatty acid
degradation (FAD) in cancer cells has received less
attention. It is reported that CTNNB1-mutated HCC
oxidized FAs as a source of energy in the metabolic
adaptation under the control of the transcription factor
PPARw.['8l However, a systematic evaluation of FAD in
tumors especially in HCC is still in need of further
investigation.

The treatment options of HCC principally depend on
the tumor stages, in which patients with early-stage
HCC tumors are the first candidates for resection, local
ablation or transplantation, whereas patients at inter-
mediate stages are preferred candidates for trans-
arterial chemoembolization (TACE) and those with
advanced disease benefit from systemic therapies
including immunotherapy [anti-programmed cell death-
1 (PD-1) and anti-PD-L1) and targeted therapy (sor-
afenib, lenvatinib, and regorafenib).l'* The combination
of atezolizumab with bevacizumab (T + A) is currently
the first-line treatment, since it confers a superior
survival benefit compared to sorafenib.['Sl However,
patients belonging to the same HCC stage can respond
differently to the same treatment, highlighting the urgent
need to identify biomarkers for clinical decision-making.
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In this study, we comprehensively surveyed the
expression profile and prognostic value of FAD pathway
and identified a FAD-based molecular classification of
HCC which we termed F subtype (F1, F2, and F3) in 9
independent data sets generated by various platforms
of over 1500 patients. We further explored the genomic,
epigenetic, metabolic, signaling, and immunological
landscape of the FAD subtypes and proposed the
subtype-specific therapeutic strategies.

METHODS
Clinical sample acquisition

Samples were collected retrospectively from the Bio-
bank of Nanjing Drum Tower Hospital between January
2019 and June 2021. Seventeen patients who were
available with clinical responses to anti-PD-1 therapy
and biopsy or surgical resection specimens were
included in this study (8 responders and 9 nonres-
ponders). To ensure there was enough sample size for
clustering analysis, we also enrolled some surgically
resected primary tumor tissues and paired nontumor
liver tissues from patients with HCC who did not receive
anti-PD1 blockade with different tumor stages. In total,
69 samples from 44 patients were subjected to tran-
scriptomic and lipidomic analyses. Three samples did
not pass the quality control for RNA-seq and 6 samples
did not pass the quality control for lipidomics analysis
due to tissue degradation or limited tissue amount, thus
being ruled out from the study. As a result, 41 patients
performed RNA-seq analysis and 40 patients performed
lipidomics. The serum of the 41 patients was subjected
to metabolomics and proteomics analysis. The detailed
clinical data and the baseline patient characteristics for
our cohort are summarized in Supplemental Tables S1,
http://links.lww.com/HEP/H916 and S5, http://links.lww.
com/HEP/H917. The raw lipidomics data are cataloged
in Supplemental Table S2, http://links.lww.com/HEP/
H916. Each sample was assigned a new research ID,
and the patient’s name or medical record number used
during hospitalization was deidentified. All patients
provided written informed consent, and the study design
was consistent with the Declarations of Helsinki and
Istanbul. The protocol of the study was approved by the
Research Ethics Committee of Drum Tower hospital
(ChiCTR1900026022).

Animal models

Mice were obtained from the Model Animal Research
Center of Nanjing University (Nanjing, China). All
experimental procedures using animals were in accord-
ance with the ARRIVE (Animals in Research: Reporting
In Vivo Experiments) statement and the guidelines

provided by the Animal Ethics Committee of the
Affiliated Drum Tower Hospital of Medical School of
Nanjing University.

Public data collection and preparation

In total, 59 publicly available data sets were reanalyzed in
this study, including 37 microarray data sets, 15 RNA-
seq data sets, 2 metabolomics data sets, 2 proteomics
data sets, and 3 single-cell RNA sequencing (scRNA-
seq) data sets. All the data sets used in this study are
summarized in Supplemental Table S3, http:/links.lww.
com/HEP/H916. The gene signatures for previous HCC
classifications are listed in Supplemental Table S4, http://
links.lww.com/HEP/H916. The clinical characteristics of
the included publicly available cohorts are listed in
Supplemental Table S6, http://links.lww.com/HEP/H917.

Statistical analysis

The quantitative data were analyzed with Student’s
t-test, Mann—Whitney U test or Kruskal-Wallis test with
post hoc Dunn test. The qualitative data were
analyzed with Pearson chi-squared or Fisher exact
test as appropriate. Survival curves were estimated by
the Kaplan-Meier method. The log-rank test was used
to determine the statistical differences between sur-
vival curves. Statistical analysis and data visualization
were carried out using the R/Biocoductor software
packages.

Full and detailed descriptions of research materials
and experiment methods are provided in online Sup-
porting Information.

RESULTS

Transcriptomics and lipidomics depict the
characteristics of FAD pathway in HCC

We have identified all the prognostic genes in HCC.['®!
Kyoto Encyclopedia of Genes and Genomes analysis
highlighted the FAD pathway (Figure 1A), which
consists of 42 genes that function in mitochondrial p-
oxidation, peroxisomal o-, and p-oxidation (Figure 1B).
Most of the FAD genes were significantly
downregulated in tumor tissues and positively
correlated with the prognosis of patients in multiple
cancer types (Figure 1B, Supplemental Figure S1,
http://links.lww.com/HEP/H917). RNA-seq validated
the downregulation of FAD genes in our cohort (n =
41). Correspondingly, the content of free fatty acids
(FFAs) was increased in tumor tissues as measured by
lipidomics and metabolomics (Figure 1C, Supplemental
Figure S2, http://links.lww.com/HEP/H917).
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FIGURE 1 FAD is downregulated in multiple cancers and correlated with fatty acid content in tumors. (A) KEGG analysis of the prognostic
genes in TCGA LIHC data set. (B) Schematic diagram showing the FAD pathway and the expression pattern of FAD genes in HCC and adjacent
nontumor samples based on TCGA LIHC data set. (C) The expression pattern of FAD genes (upper panel) and the content of FFAs (lower panel)
in tumor versus nontumor tissue based on our cohort. (D) The correlations between FAD score and FFAs content based on our data. The scatter
plots of 2 representative FFAs were shown in right panel. (E) The expression pattern of FAD score in TCGA PANCAN data set. The abbreviations
can be found in the supplementary information. (F) The expression pattern of FAD score in HCC tumor tissues and nontumor tissues based on
microarray, RNA-seq, and proteomics data sets. (G) The contents of FFAs in 15 pairs of HCC tumor and nontumor tissues. (H) The expression
pattern of FAD pathway during hepatocarcinogenesis in an HBx-induced mouse HCC model. The FAD score for each sample was shown in the
lower panel. (I) t-SNE plot for the cell type identification of 71,915 high-quality single cells for 10 patients with HCC from 4 relevant sites: primary
tumor, portal vein tumor thrombus (PVTT), metastatic lymph node, and nontumor liver. (J) The expression pattern of FAD score in different
cell types. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001. Abbreviations: FAD, fatty acid degradation; FFA, free fatty acid; KEGG,

Kyoto Encyclopedia of Genes and Genomes; LIHC, liver hepatocellular carcinoma; TCGA, The Cancer Genome Atlas; WT, wild type.

We calculated the FAD score to represent the metabolic
activity of FAD pathway using the ssGSEA method. The
FAD score was inversely correlated with most FFAs in our

cohort (Figure 1D, Supplemental Figure S3, http:/links.lww.
com/HEP/H917), which was further validated by a breast
cancer data set (Supplemental Figure S4, http:/links.lww.
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com/HEP/H917). These data suggest that the expression
of FAD genes and the FAD score do reflect the metabolic
activities of FAD pathway and the content of FFAs. The
FAD score was high in normal liver and kidney and was
downregulated in most tumors compared to their nontumor
counterparts (Figure 1E), which was further validated by
one scRNA-seq data set (Supplemental Figure S5A, B,
http:/links.ww.com/HEP/H917). The FAD score was sig-
nificantly reduced in HCC as validated in 36 data sets
comprising 5800 samples with differing etiologies
(Figure 1F), which was consistent with the increasing
concentration of total FFAs in tumor tissues (Figure 1G).
Besides, the expression level of FAD genes decreased in
multiple mouse HCC models (Figure 1H, Supplemental
Figure S5C, D, http:/links.ww.com/HEP/H917). Finally,
scRNA-seq validated that HCC clusters had lower FAD
score levels than normal hepatocyte clusters (Figure 11, J).
Notably, scRNA-seq also revealed cluster-to-cluster
heterogeneity of FAD score in HCC cells, implying that
enhanced stratification of patients was needed (Figure 1J).

Identification and validation of a FAD-
based subtype of HCC and its
clinicopathologic correlations

We further evaluated the prognostic potentiality of FAD
score in HCC. FAD score was positively correlated with
overall survival (OS) and recurrence-free survival in
multiple cohorts (Supplemental Figure S6, http:/links.
Iww.com/HEP/H917). Clinical parameters that reflect bio-
logical aggressiveness such as advanced clinical stage,
larger tumor size, and higher AFP level were correlated
with lower FAD score (Supplemental Figure S7, http:/
links.lww.com/HEP/H917 and Supplemental Table S7,
http://links.lww.com/HEP/H917). Univariate and multivari-
ate analyses demonstrated that FAD score was the only
independent predictor of OS in all data sets after adjusting
for prognosis-related clinical variables (Figure 2A,
Supplemental Table S8, http:/links.lww.com/HEP/H917).

Unsupervised consensus clustering was performed
based on the expression pattern of the 42 FAD genes.
patients with HCC in our cohort were clustered into 3
subgroups, which we termed the F subtypes (initial of FA).
F1, F2, and F3 subtypes represent low, intermediate, and
high expression levels of FAD genes, respectively
(Figure 2B upper panel). Likewise, lipidomics showed
that F1 subtypes had more FFAs than other subtypes
(Figure 2B middle panel). Conversely, the contents of
other lipids such as TAG and DAG were much lower in F1
subtypes (Supplemental Figure S8, http:/links.lww.com/
HEP/H917). The F1 subtypes were associated with higher
AFP levels and advanced tumor stages in our cohort
(Figure 2B top panel, Supplemental Table S9, http://links.
Iww.com/HEP/H917). F1, F2, and F3 subtypes exhibited
the shortest, median, and longest OS and recurrence-free
survival time, respectively (Figure 2C). The existence and

robustness of the FAD subtypes were further validated in
eight independent data sets generated from microarray,
RNA-seq, and proteomics platforms comprising nearly
1500 patients with diverse HCC etiologies and stages of
the disease (Supplemental Figure S9, http:/links.lww.
com/HEP/H917). Clinicopathologic factors of aggressive
behavior such as larger tumor size were more prominent
in F1 subtypes (Supplemental Figure S9, http:/links.lww.
com/HEP/H917 and Supplemental Table S10, http:/links.
Iww.com/HEP/H917). The prognostic value of FAD sub-
types was further validated in 5 independent cohorts
(Figure 2D—H). Notably, after stratifying patients according
to tumor stage, FAD subtypes still strongly correlated with
patient prognosis regardless of tumor stages, supporting
the superior prognostic power of molecular features within
FAD subtypes (Supplemental Figure S10, http:/links.lww.
com/HEP/H917). We further designed a FAD-based PCR-
array considering its advantages for easy-access, cost-
effective, and time-saving, which almost replicated the
RNA-seq results (Figure 2B below panel), indicating the
PCR-array might have practical value for clinical
application. Taken together, these results demonstrated
that FAD classification is stable across data sets and
correlated to clinicopathologic indexes with prognostic
values.

Research has established multiple molecular classifica-
tions of HCC, including Hoshida et al,l'! Chiang et al,l"®!
Lachenmayer et al' Boyault et al,?® Lee et al?"
Coulouarn et al,?? Jiang et al,l”! Gao et al,l® Lee et al,[%!
Sia et al¥ and the clusters from The Cancer
Genome Atlas (TCGA).®! The FAD signature had the
smallest gene number and had few overlaps with other
signatures (Supplemental Figure S11, http:/links.lww.com/
HEP/H917 and Supplemental Table S4, http:/links.lww.
com/HEP/H91). The comparison between FAD subtypes
and previously curated classifications showed that there
were considerable overlaps between the FAD subtypes
and other HCC classifications (Figure 2I, J, Supplemental
Table S11, http://links.lww.com/HEP/H917), supporting the
reliable clustering procedure of the FAD subtypes.

Genomic, epigenetic, metabolic, and
signaling landscape in the FAD subtypes
for HCC

We further explored the genomic, epigenetic, metabolic,
and signaling characteristics of FAD subtypes. F1 and F3
subtypes harbor the highest mutational ratio of TP53 and
CTNNBH1, respectively, in TCGA and International Cancer
Genomics  Consortium  cohorts  (Figure 3A, B,
Supplemental Figure S9C1, http:/links.lww.com/HEP/
H917 and Supplemental Tables S10-2, http:/links.lww.
com/HEP/H917 and S12, http://links.lww.com/HEP/H917).
Copy number variation analysis showed that F1 subtypes
had more amplifications in chromosomes 10 and 12, while
F3 subtypes had fewer deletions in chromosomes 1p and
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FIGURE 2 Identification and validation of a FAD-based subtype of HCC and its clinicopathologic correlations. (A) Forrest plot of the univariate
and multivariate Cox regression analysis of the indicated cohorts. (B) Heatmaps showing the identification of FAD subtypes in our cohort (n = 41).
The associations of FAD subtypes with clinical characteristics were annotated in the top panel. The heatmap in the upper panel showed the
expression pattern of FAD genes evaluated by RNA-seq. The heatmap in the middle panel displayed the content of fatty acids measured by
lipidomics. The heatmap in the lower panel indicated the expression of FAD genes measured by PCR-array. (C) Kaplan-Meier curves of OS and
RFS for FAD subtypes in our cohort. (D—H) Kaplan-Meier curves for OS stratified by FAD subtypes in TCGA (D), ICGC (E), GSE14520 (F),
GSE54236 (G), and CPTAC (H) data sets. The insets indicated pairwise comparison. (I) Comparisons of the FAD subtypes with 10 previously
reported classifications based on TCGA data set. (J) Comparisons of the FAD subtypes to TCGA clusters. Abbreviations: CPTAC, Clinical
Proteomic Tumor Analysis Consortium; FAD, fatty acid degradation; ICGC, International Cancer Genomics Consortium; PD-1, programmed cell
death-1; TCGA, The Cancer Genome Atlas.
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4q (Figure 3C). Epigenetic analysis exhibited a higher
methylation rate of FAD genes in F1 subtypes (Figure 3D).
The expression of FAD genes was inversely correlated with
their methylation levels, indicating that DNA methylation
may partly explain the inactivation of FAD pathway in HCC
(Figure 3E, Supplemental Figure S12, http:/links.lww.com/
HEP/HI17).

F1 subtypes were distinguished by the significant
upregulation of key enzymes in glycolysis, pentose
phosphate pathway, nucleic acid, and amino acid
metabolism pathway, indicating the increasing demand
for energy formation, and macromolecular synthesis
(Supplemental Figure S13A, http://links.lww.com/HEP/
H917). F1 subtypes had higher activity of TGF-,
NOTCH, and RAS signaling, while F3 subtypes had
relatively higher AKT/mTOR pathway activity (Supple-
mental Figure S13A, http://links.lww.com/HEP/H917).
F1 subtypes had the highest glycolysis activity
(Figure 3F), whereas F3 subtypes had higher
OXPHOS activity compared to F1 and F2 (Figure 3G).
FAD classification was applied to HCC cell lines from
Liver Cancer Model Repository and Cancer Cell Line
Encyclopedia data sets. The frequently used cell lines
such as Hep3B, MHCC97H, and SK-Hep-1 belong to
F1 subtypes, while HepG2, C3A, and Huh7 were F3
subtypes (Supplemental Figure S14, http://links.lww.
com/HEP/H917). Seahorse analysis validated that cell
lines in F3 had much higher OXPHOS activity than F1
subtypes (Figure 3H).

Subgroup-specific pathway enrichment analysis
revealed distinct molecular features among three FAD
subtypes (Figure 3I). F1 subtypes were high in
glycolysis, nucleotide metabolism, and proliferative
signaling including RAS, TGF-, NOTCH, and ERK.
Conversely, F3 subtypes were enriched in liver-specific
metabolic pathways such as xenobiotic, bile acid, and
ketone body metabolism, indicating a residual liver
function in F3 subtypes. In addition, F3 subtypes had
high activity of PISBK/AKT/mTORC, PPAR, and GSK3
pathways. The F2 subtypes resembled a partial mixture
of F1 and F3 with intermediate activation in certain
metabolic and signaling pathways (Figure 3I).

We then analyzed the expression pattern of HCC
biomarkers in FAD subtypes,®! in which most markers
were significantly upregulated and predicted an unfavor-
able prognosis of HCC. AFP, SPP1, PKM2, THY, and
CDK1 were enriched in F1 subtypes, while F3 had high
expression of GLUL, GLYATL1, and CPS1, and F2 had
high expression of GPC3 (Supplemental Figure S13B-C,
http://links.lww.com/HEP/H917). In addition, we applied
the FAD subtypes to a scRNA-seq data set. Patients with
HCC were divided into 3 subtypes based on the FAD
score (Figure 3J, K). Pathway enrichment analysis
showed that F1 subtypes were enriched with glycolysis,
DNA replication, RAS, MYC, and NOTCH signaling,
whereas F3 subtypes had higher activity of liver-specific
metabolic pathways such as gluconeogenesis, bile acid

metabolism (Figure 3L, Supplemental Figure S15, http:/
links.lww.com/HEP/H917), which was consistent with the
results obtained from bulk RNA-seq. Overall, FAD
subtypes represent unique patient subgroups with
specific genomic, epigenetic, metabolic, and molecular
features that are potentially vulnerable to existing
therapeutic agents.

Exploring FAD subtype-specific drugs for
HCC

HCC classification enables our understanding of hetero-
geneity in HCC and could be used to guide personalized
therapy.” We attempted to unearth subtype-specific
vulnerabilities of the FAD classification. To this end, we
first started with preclinical drug discovery (Figure 4A).
YM-155 and Alisertib were considered as F1-specific
drugs as identified by the oncoPredict algorithm using
three pharmacogenomic data sets. In contrast, no drug
was identified as F3-specific drug using the same criterion
(Figure 4B). Most drug targets including the target of YM-
155 (BIRC5) and Alisertib (AURKA) were significantly
upregulated in F1 subtypes and negatively correlated with
FAD score (Figure 4C). The results were further validated
in Liver Cancer Model Repository data set (Supplemental
Figure S16, http:/links.lww.com/HEP/H917), in which the
drug resistance of YM-155 and Alisertib was significantly
lower in F1 than F3 subtypes (Figure 4D). The proliferation
assay showed that F1 cell lines were more susceptible to
YM-155 and Alisertib than F3 subtypes (Figure 4E), which
presented good agreements with the bioinformatics-
based results. Furthermore, YM-155 and Alisertib
markedly suppressed the growth of MHCC97H (F1
subtype) rather than Huh7 (F3 subtype) xenograft
models (Figure 4F). Overall, these data showed that
F1 subtypes were candidates for compounds YM-155
and Alisertib.

FAD subtypes are associated with
response to sorafenib and TACE

Next, we assessed the associations between FAD
subtypes and first-line treatments in HCC. The patients
receiving sorafenib therapy were clustered into FAD
subtypes (Figure 5A). F1 patients had the highest
response rate to sorafenib, while 90% of the F3 patients
were sorafenib nonresponders (Figure 5B). The FAD
score in responders was significantly lower than that in
nonresponders (Figure 5C) and had good performance
in predicting sorafenib response with an AUC of 0.922
(Figure 5D). Consistently, none of the F3 patients
respond to sorafenib in IMbrave150 phase 3 trial,
although it is not statistically different due to the
limited sample size (Supplemental Figure S17A, B,
http://links.lww.com/HEP/H917).
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FIGURE 3 Genomic, epigenetic, metabolic, and signaling landscape in the FAD subtypes for HCC. (A) Oncoplot summarizing the distribution
of SNVs and INDELs mutational frequency in LIHC data set across the FAD subtypes for the top 20 mutated genes. (B) The percentage of TP53
and CTNNB1 mutation in FAD subtypes. (C) Genomic overview showing the percentage of samples with copy number events among each FAD
subtype. Blue represents deletions, red represents gains. (D) Average methylation levels of FAD genes in each FAD subtype. (E) Scatterplots of
two representative FAD genes shown to be hypermethylated in HCC. The pathway activity of glycolysis (F) and OXPHOS (G) in different FAD
subtypes and nontumor tissues. (H) Seahorse analysis of oxygen consumption rate (OCR) in HCC cell lines from F1 and F3 subtypes. (l)

Integrated analysis of differentially activated metabolic and signaling pathways among F1, F2, and F3 based on microarray, RNA-seq, and

proteomics data sets. (J) t-SNE plot of the malignant cells in GSE151530 colored by FAD score. (K) Assigning the malignant cells into different
FAD subtypes based on FAD score. (L) Dot plot showing the activity of metabolism and signaling pathways across different FAD subtypes in the
scRNA-seq data set. Abbreviations: FAD, fatty acid degradation; LIHC, liver hepatocellular carcinoma; TCGA, The Cancer Genome Atlas.
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FIGURE 4 Exploring FAD subtype-specific drugs for HCC. (A) Overview of the analysis procedures. (B) Venn diagram summarizing F1 and
F3-specific drugs. (C) The expression pattern of potential drug targets in different FAD subtypes and nontumor tissues in TCGA and our data set.
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Alisertib in F1, F2, and F3 subtypes based on LIMORE database as measured by 1-activity area (AA) values. (E) Long-term colony formation
assay showing the response of cell lines from F1 (MHCC97H and SK-Hep-1) and F3 (Huh7 and HepG2) subtypes to YM-155 and Alisertib. (F)
Xenograft tumor pictures and tumor weight of indicated MHCC97H and Huh7 cells subcutaneously injected into nude mice followed by YM-155 or
Alisertib treatment. Abbreviation: FAD, fatty acid degradation; LIMORE, Liver Cancer Model Repository; TCGA, The Cancer Genome Atlas.

We then used patient-derived xenograft (PDX) models
to validate these findings (Figure SE). FAD classifier was
applied to the PDX model cohort (n = 104, Supplemental
Figure S17C, http://links.lww.com/HEP/H917), in which
24 PDX models were treated with sorafenib (50 mg/kg) or
vectors (Figure 5E). PDX tumors in F1 and F2 were more
sensitive to sorafenib than F3 subtypes as measured by
AUC ratio (high AUC ratio, high tumor growth rate,
Figure 5F, G) and relative tumor volume (high relative
tumor volume, high tumor growth rate, Figure 5H, I).
The tumor growth was inhibited by sorafenib in F1
rather than F3 subtypes (Figure 5J). Consistently, the

sorafenib-resistant mouse spontaneous HCC models
had much higher FAD activities than sorafenib-sensitive
models (Figure 5K, L). Interestingly, sorafenib treatment
leads to an increased expression of FAD genes in vitro
and in vivo (Figure 5M, N), implying a shift from the F1 to
F3 subtypes.

We noticed that F3 had a higher TACE response rate
than F1 subtypes in GSE14520 cohort (Supplemental
Figure S9D1, http://links.lww.com/HEP/H917, Table S10-
4, http://links.lww.com/HEP/H917). Notably, all patients in
F1 subtypes were TACE nonresponders (Figure 50). The
FAD score in TACE responders was much higher than


http://links.lww.com/HEP/H917
http://links.lww.com/HEP/H917
http://links.lww.com/HEP/H917

298 | HEPATOLOGY

(A) (B) (©) (D)

GSE109211 (n 140)

GSE109211 GSE109211

Subtype GSE109211
Response -l— -._- I F<0.001 1.00 T-test, p = 4.8e-16
w w Ylly 1 ﬁ'ﬂ 1.00 . 1.00
"I ' Subtype
, i ;: .
5 . [ ' T - i 07 075 . 075
K] H{LRSRE T Ll 5 N <18 N
K ‘ " Sorafenib s g ’ =
g Y n{. NI sontonioresponse S aso o I
> f 17 M Non-responder 6_9 a ‘.l g AUC: 0.922
s 4 I Responder £ o ] Accuracy: 0.821
E i - TIAY ExbiSsion 025 0.25 " .5. 025 Sensitivity: 0.952
S| E \ b N, . o - Specifcity: 0.765
£ z L o ° (R PPV: 0.635
= : | ' i 05 0.00 0.00 NPV: 0.974
. » e =98 n=42 0.00
1 N Non-responders Responders 1.00 0.75 0.50 0.25 0.00
Sorafenib resp Wi [ | ( G ) Specificity
= 0.75
(E) (F) (H) 5
. o9
Patient tumors Kruskal-Wallis, p = 0.0071 Kruskal-Wallis, p = 0.0045 F % 0.50
0.0072 0.001 95
” @ ; 0.006 4 0.003 2gozs
A = a3 I
\ : RNA-seq =00 ns. n.s. = I I
PDX bank : 3 0 ° o 0.00
(104models) — B g Es, SOBILTOREINIOIBEEBE3I0BS ¢ e
g 3 88282322825822222 8828
5 . === g% | S55353555555555555555555 WA
©
,,,,,,,,,,,,,,,,,,, ool ]2 g ) 2
2] @ £z 3 W
o ° z2>2 59
orafeni Lo [+ [FAD subtype K Sk sz
“Q @ Froswwed £ B
24 models) i 2 >
( ) Vehicle Sorafenib < C N , i =
= 50 mg/kg . 2> 1
n=8 n=9 n=7 n—9 n=7 % E I I I
,,,,,,,,,,,,,,,,,,,,,,,,,,,,, &
Data analy5|s ITumor growth curve! A L2 LS A a2 [ g
H ONONOUT T~ OTOIOONR=DNNNTOTO
AUCratio i <— (M) GSE151412 353885 88335588128883838158
| 8822ge88geeeeeseeeee cl
RV i 585535855555553555555553
-+ Sorafenib 50mg/kg Hep3B Huh7 Expression
(J) v 36{ T-testp=0079 T-test, p = 0.00014 (N) Low i M High
F1 (LI1646 Exp-12) F2 (LI1097 Exp-1) F3 (LI0050 Exp-11) .
4000 { 4000 37 o
3.4 g
30001 8000 30001 2 235 2q
8 - 8 gq Treatment
2000 J a ot o M Carrier
2000 2000 g g33 8 i 1 Sorafenib
I
I}
29
10001 1000 1000 &0 31 E
s
04 0 04 28 2.9
15 20 25 30 35 o) N X
\»9 \QQ\ @ \QQ\
D %o\'b < %o\"’ Fatty acid degradation
(K) (L) (O) GSE14520 (P) GSE14520 (Q) GSE14520
HTVi models 6 SR 100
HTVi-based mouse HCC models
(GSE162324) 1.50
I
Model 075 0.75
y 5 g125 2
8 050 8 F 050 AUC: 0.868
S 9( 1.00 S Accuracy: 0.79
[ [ @ Sensitivity: 0.881
g q 025 075 025 Specificity: 0.73
= e 2 . PPV: 0.685
S = MYCNRAS 8 TACE response 0.00 =63 et 0.00 NPV: 0.902
MYC.AKT1
g o Non-responders| B> F1 F2 F3 Non-responders Responders 100 075 050 025 000
[ Expression w _ esponcer Specificity
S 1 -1 T-test, p=0.016
5 0s (R) GSE104580 (S) asetoasso  (T) GSE104580
] ?o 5 1.00 24 ,wa" 1.00
? ! 1 L}
o -2 075 2.1 075
- 3 ] . 5 z
S S =
& & g 050 % g 5050 AUC: 0.767
& & g o LI S Accuracy: 0.741
KD S IS i . 17}
_c@égr SER Sensitivity: 0.753
S SF 025 15 ° 025 Specificity: 0.727]
Sorafenib  Sorafenib SN P O PPV: 0.772
responders non-responders @ & N N
P P %o@ 0.00 12 =66 =81 0.00 NPV: 0.706
Non-responders Responders 100 075 050 025 0.00
Specificity

FIGURE 5 FAD subtypes are associated with response to sorafenib and TACE. (A) Heatmap showing the 3 FAD subtypes in GSE109211 data set with
sorafenib response available. (B) The percentage of sorafenib responders and nonresponders across FAD subtypes in the indicated data set. (C) Boxplot
showing the FAD score in sorafenib responders and nonresponders. (D) AUC showing the performance of the FAD score in predicting sorafenib response.
(E) Schematic diagram for the PDX experimental procedure. (F and G) The tumor growth rate of 50 mg/kg sorafenib or vector-treated PDX models in FAD
subtypes as shown by AUC ratio. (H and 1) The tumor growth rate of 50 mg/kg sorafenib-treated PDX models in FAD subtypes as shown by RTV. (J)
Representative tumor growth curves in each FAD subtype. The expression pattern of FAD genes (K) and FAD score (L) in mouse HCC models of sorafenib
responders and nonresponders. (M) Sorafenib treatment leads to an increase of FAD score in Hep3B and Huh? cells. (N) The expression of FAD pathway
was much higher in sorafenib-treated tumors than carrier-treated tumors in Myc/NrasG12V mouse HCC model. (O) The percentage of TACE responders and
nonresponders across FAD subtypes in patients with HCC from GSE14520. (P) Boxplot showing the FAD score in TACE responders and nonresponders in
GSE14520. (Q) AUC showing the performance of the FAD score in predicting TACE response in GSE14520. (R) The percentage of TACE responders and
nonresponders across FAD subtypes in GSE104580. (S) Boxplot showing the FAD score in TACE responders and nonresponders in GSE104580. (T) AUC
showing the performance of the FAD score in predicting TACE response in GSE104580. Abbreviations: RTV, relative tumor volume; TV_e, tumor volume at
the end of study; TV_0, tumor volume before sorafenib administration.
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that in nonresponders (Figure 5P) and could predict TACE
response with an AUC of 0.868 (Figure 5Q). The
difference in TACE response among FAD subtypes was
independent of tumor stages (Supplemental Figure S18A,
http://links.lww.com/HEP/H917). These results were fur-
ther validated in an independent data set (Figure 5R-T,
Supplemental Figure S18B, C, http:/links.lww.com/HEP/
H917). Collectively, these data showed that F1 patients
were more sensitive to sorafenib, while F3 subtypes are
responsive to TACE.

Characterization of the tumor
microenvironment (TME) in FAD subtypes
of HCC

We first evaluated the expression of immunomodulators
across FAD subtypes using four RNA-seq cohorts. F1
subtypes had the highest expression of genes related to
co-stimulators, coinhibitors, ligands, receptors, etc.
(Supplemental Figure S19A, http://links.lww.com/HEP/
H917). The contents of most immune cells and their
marker genes were much higher in F1 than other
subtypes (Supplemental Figure S19B, C, http:/links.
lww.com/HEP/H917). There was no difference in tumor
mutational burden among FAD subtypes in TCGA and
International Cancer Genomics Consortium cohorts
(Supplemental Figure S20A, B, http://links.lww.com/
HEP/H917). Reanalysis of the scRNA-seq data set
revealed that the F1-derived T cells had much higher
expression of cytotoxic and exhausted T cell markers,
indicating a highly immune infiltrated and actively
immune-suppressed status in F1 subtypes (Supple-
mental Figure S20C, http://links.lww.com/HEP/H917).
The cell-cell communication analysis demonstrated that
there were more interactions between malignant and T
cell subpopulations in F1 tumors (Supplemental Figure
S20D, E, http://links.lww.com/HEP/H917).

We then applied the FAD classification to immuno-
competent HCC mouse models. We established 2
models named NRAS.MYC.ND and NRAS.MYC.KD
using the Sleeping Beauty transposon system to deliver
MYC and NRASG12V constructs by means of hydro-
dynamic tail vein injections, then fed with normal diet or
ketogenic diet, respectively. The expression pattern of
FAD genes and contents of FFAs of these two models
were validated by RNA-seq and lipidomics (Supple-
mental Figure S21A-C, http://links.lww.com/HEP/
H917). The RNA-seq data sets of all 13 mouse models
(11 from publicly available data sets) were combined
and the batch effects were removed as shown by PCA
analysis (Supplemental Figure S21D, E, http://links.lww.
com/HEP/H917). The 98 mouse HCC samples were
clustered into 3 subtypes (Figure 6A). Consistent with
the findings that F1 and F3 were characterized by RAS
and AKT signaling, respectively (Figure 3I, L,
Supplemental Figure S22, http://links.lww.com/HEP/

H917), the NRAS-induced model belonged to the F1
subtypes, while the AKT-driven model was a member of
F3 subtypes (Figure 6A). F1 subtypes had much higher
expression of CD8, cytotoxic, and exhausted T cells
marker genes compared to F3 subtypes (Supplemental
Figure S21F, http://links.lww.com/HEP/H917). We then
selected 1 representative model for each subtype
(Figure 6A). The F1 model had more infiltrated T cells,
cytotoxic T cells, and exhausted T cells than F2 and F3
models (Figure 6B, C, Supplemental Figure S21G,
http://links.lww.com/HEP/H917). Collectively, F1 sub-
types exhibited a more substantial immune infiltration
with immunosuppressive and exhaustive microenviron-
ment compared to F2 and F3 subtypes.

We further validated the immune landscape of FAD
subtypes using scRNA-seq with the F1 and F3 mouse
HCC models (Figure 6D). Unsupervised t-SNE analysis
of the total cells identified 24 subclusters (Supplemental
Figure S23A, http:/links.lww.com/HEP/H917), including
macrophages, malignant cells, T cells, etc. (Figure 6E), in
which the malignant cells were identified by copy number
variation (Supplemental Figure S23B, http:/links.lww.
com/HEP/H917). F1 model was enriched with T cells,
while F3 model was dominant with macrophages
(Figure 6F, G, Supplemental Figure S23C, http://links.
lww.com/HEP/H917). To further characterize the T cells
phenotype, we subclustered the pooled T cells
(Figure 6H) and annotated the clusters.?*l Four
subpopulations were identified from the F1-derived T
cells including progenitor, proliferating, effector-like, and
terminally exhausted T cells, whereas all the F3-derived
T cells were identified as progenitors (Figure 61, J), which
was validated by pseudotime analysis (Figure 6K). The
progenitor, proliferating, effector-like, and terminally
subpopulation of exhausted T cells highly expressed
Tcf7, Mki67, Gzmk, and Tox, accordingly (Figure 6L). In
agreement with the findings from human samples, the
F1-derived T cells had much higher expression of
cytotoxic and exhausted T cell markers than F3-derived
T cells (Figure 6M, Supplemental Figure S23D, http://
links.lww.com/HEP/H917). More intercellular communi-
cations were detected between malignant cells and T cell
subpopulations in F1 than F3 tumors (Figure 6N, O,
Supplemental Figure S23E, htitp://links.lww.com/HEP/
H917). Pathway activity analysis revealed that the PD-
L1 expression and PD-1 checkpoint pathway was
significantly enriched between malignant cells and
several T cell populations, indicating a PD-1/PD-L1-
mediated immunosuppression in F1 tumors (Figure 6P).

FAD subtypes predict response to immune
checkpoint inhibitor monotherapy and
combinations

Considering the TME characteristics of FAD subtypes,
we speculated that HCCs from F1 subtypes were
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FIGURE 6 Characterization of the immune microenvironment of FAD subtypes in patients with HCC and mouse models. (A) Heatmap
showing the identification of FAD subtypes in mouse HCC models. (B) ssGSEA score indicated the estimated contents of CD8, cytotoxic, and
exhausted T cells in a representative F1, F2, and F3 model. (C) Multiplex immunohistochemistry (mIHC) staining of PD1, CD4, and CD8 cells from
representative F1, F2, and F3 mouse HCC models. (D) Workflow of sample preparation, sequencing, and bioinformatic analysis. (E and F) t-SNE
visualization of single cells profiled in this study with each cell color coded for cell type (E), and sample origin (F). (G) Barplot representing the
percent of cells in each sample. (H-J) t-SNE plots of the cell clusters (H), cell type (), and sample origin (J) of the T cells. (K) Trajectory plot
showing the pseudotime of T cells in each exhausted T cell subpopulations. (L) t-SNE plot showing the expression level of marker gene for
progenitor (Tcf7), effector-like (Gzmk), proliferating (Mki67), and terminally (Tox) exhausted CD8 T cell subpopulations. (M) Dot plot showing the
expression pattern of T cell subpopulation markers in T cells derived from F1 and F3 mouse model. (N and O) The cell-cell interactions of
malignant cells and T cells in mouse HCC models from F1 (N) and F3 (O) subtypes. (P) Bubble plot showing the pathway activity analysis involved
in communications between indicated cell types in F1 subtypes. Abbreviation: FAD, fatty acid degradation.
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candidates for immunotherapy. We noticed that the
mouse HCC models from F1 subtypes were responsive
to anti-PD1 therapy, while mouse models from F2 and F3
subtypes were nonresponders (Figure 6A). We
generated mouse HCC models belonging to different
subtypes, then subjected to anti-PD1 therapy (Figure 7A,
Supplemental Figure S21A-C, http://links.lww.com/HEP/
H917). The number of nodules and cell proliferation
decreased after anti-PD1 therapy in F1 rather than F2
and F3 subtypes as measured by MRI, whole-liver
morphology, and Ki-67 staining (Figure 7B). Accor-
dingly, the F1 subtype mice showed a significant
increase in survival after anti-PD-1 therapy compared
to isotype controls (Figure 7C). In contrast, no thera-
peutic effect was observed in F2 and F3 models
(Figure 7D, E). We further validated the findings in 2
other models, in which the MYC.sgTrp53 model (F1
subtype) was sensitive to anti-PD-1 therapy, while the
MYC.CTNNB1-AN90 model (F3 subtype) was resistant
to anti-PD-1 therapy (Supplemental Figure S24A, B,
http://links.lww.com/HEP/H917). RNA-seq demonstrated
the transcriptomic similarity between MYC/NRAS and
MY C/sgTrp53 models as well as the similarity between
MYC/CTNNB1-AN90 and MYC/AKT models, especially
in the expression pattern of FAD gene (Supplemental
Figure S24C, D, http://links.lww.com/HEP/H917).

To determine whether FAD subtypes can be used as a
tool to predict response to immune checkpoint inhibitor
(ICIs), we explored the associations between FAD
subtypes and ICI response. As shown in Figure 2B,
77.8% (7/9) of the patients in F1 subtypes were PD1
responders, which was significantly higher than F2 and
F3 whose ratio was 25% (1/4) and 0 (0/4), respectively
(p = 0.026, Supplemental Table S9, http://links.lww.
com/HEP/H917). Similar findings were observed in a
Korean cohort (p = 0.007, Supplemental Figure S25A—
C, http://links.lww.com/HEP/H917), which comprised 40
patients with HCC receiving anti-PD-1 therapy.?®! Con-
sidering the limited sample sizes of both cohorts, we
combined these 2 cohorts and removed the batch effect
(Supplemental Figure S25D, http://links.lww.com/HEP/
H917). FAD subtypes were identified in the new cohort
named “The Asian PD1 cohort” (Figure 7F). F1 subtypes
had the highest anti-PD1 response rate (61.1%)
compared to F2 (14.3%) and F3 (0%) (p < 0.001,
Figure 7G). FAD score achieved good performance in
predicting anti-PD1 response with an AUC of 0.855
(Figure 7H). A complete regression of tumors was
observed in one F1 patient, while the tumor progressed
after 20 weeks of anti-PD1 therapy in one F3 patient
(Figure 71, J, Supplemental Figure S25E, http://links.lww.
com/HEP/H917). The mIHC staining showed that the
infiltrated CD8 T cells and the PD-1 expression were
much higher in patient PT1 than PT4 (Supplemental
Figure S25F, http://links.lww.com/HEP/H917).

We also examined the potential usage of FAD
subtypes in predicting response to anti-PD-L1

monotherapy. The FAD subtypes were applied to
G030140 group F cohort, 28 in which the F1 subtypes
had higher response rate than other 2 subtypes
(Figure 7K). Atezolizumab responders had lower FAD
scores than nonresponders (Figure 7L), indicating FAD
subtypes are associated with anti-PD-L1 monotherapy
response.

We further subclustered the T + A cohort with FAD
classifier (Supplemental Figure S26A, http:/links.lww.
com/HEP/H917). Patients in F2 subtypes showed
improved OS and PFS when treated with T + A versus
sorafenib, whereas patients in F3 showed no difference in
OS and PFS (Supplemental Figure S26B, http:/links.lww.
com/HEP/H917). The response of F1 subtypes was not
assessable due to the limited sample size of patients
treated with sorafenib patients (Supplemental Figure
S26B, http://links.lww.com/HEP/H917). Thus, we further
explored the relationship between FAD score and T + A
response. Low FAD score (defined by median split) was
associated with improved PFS and OS with T + A versus
sorafenib, whereas patients with high FAD score showed
no difference in PFS and OS (Figure 7M). F1 subtypes
that had the worst prognosis in treatment-naive cohorts
exhibited the best OS and PFS (Figure 7N), indicating the
benefit of F1 patients from T + A treatment.

FAD subtype-specific serum biomarkers
and therapeutic strategies for HCC

Liver biopsy is not mandatory for the diagnosis of HCC,
which might hamper the translation of FAD subtypes to
the clinic. Therefore, we further performed metabolomics
and proteomics examinations with the pretreatment
serum samples from our cohort (n = 41). The subtype-
specific serum metabolites were identified using a
method as described?¥ (Figure 8A). The 20 blood-
based metabolites could diagnose F1, F2, and F3
subtypes with AUC of 0.984, 0.75, and 0.879,
respectively (Figure 8B). The blood-based proteomics
also identified 20 subtype-specific proteins (Figure 8C),
which predicts F1, F2, and F3 subtypes with AUC of
0.932, 0.827, and 0.884, respectively (Figure 8D). In
agreement with the genomic analysis, AFP and SPP1
were identified as serum biomarkers for F1 subtypes
(Supplemental Figure S13B, http:/links.lww.com/HEP/
H917). Subsequently, the subtype prediction was
repeated with the proteomic and metabolomic classifiers.
The liquid biopsy signatures can reproducibly determine
the FAD subtypes and predict the response to anti-PD1
therapy in our cohort (Supplemental Figure S27, http://
links.lww.com/HEP/H917). In conclusion, the meta-
bolite and protein signature in peripheral blood could
discriminate FAD subtypes with high accuracy and
sensitivity.

In this study, we identified a novel FAD subtype of
HCC based on multiomics and explored the clinical,
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genomic, epigenetic, metabolic, and

immunological
characteristics. The FAD subtypes might implement
personalized medicine for the clinical management of
HCC, in which F1 subtypes represent responders to

sorafenib and immune checkpoint inhibitor monotherapy
or combinations, while F3 subtypes are responders to
TACE. The F2 subtypes, the intermediate status
between F1 and F3, are potential responders to T + A.
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We also identified the preclinical drugs YM-155 and
Alisertib as F1-specific drugs. Finally, we propose a liquid
biopsy—based diagnostic algorithm that aims to imple-
ment the FAD subtypes in clinical practice (Figure 8E).

DISCUSSION

Molecular classification contributes to a better under-
standing of the heterogeneity of HCC and developing
personalized therapy.[?l Multiple molecular classifica-
tions of HCC have been proposed in recent years, from
which it is well established that HCC can be reprodu-
cibly classified into several molecular subclasses with
distinct phenotypes based on the genomic or tran-
scriptomic profiling.2”l However, there remains a sub-
stantial gap in translating subtypes into clinical practice
due to the limited sample size, high classifier complex-
ity, and the unmet needs for guiding therapeutic
decision-making. The F3 subtypes overlapped with
CTNNB1 subtype in both Chiang and Lachenmayer
classification, which was consistent with the finding that
F3 subtypes had higher mutational rate of CTNNB1 and
indicated F3 subtypes may benefit from Wnt signaling
pathway-targeted inhibitors. We found that F3 subtypes
lacked a T-cell-inflamed tumor microenvironment,
which agreed with the reports that WNT/p-catenin
pathway activation correlates with immune exclusion
and promotes resistance to anti-PD-1 therapy.?®! Since
F2 subtypes had the highest GPC3 expression, it is
encouraging to explore whether GPC3-targeting strat-
egies such as chimeric antigen receptor (CAR)-T,
antibody, and vaccine therapy will be more effective
for F2 patients in the future.

Here, we provided a link between FA content in TME
and immunotherapy response. The F1 subtypes had
lower FAD activity, which caused the accumulation of
FAs in the microenvironment. Several studies have
focused on the effect of FFAs on T cells, in which the
overall data suggested that low concentrations of FFAs
can influence the proliferation of T cells, whereas higher
concentrations induce apoptosis in a dose-dependent
manner.”?% Accumulation of FAs in the TME drives
dysfunction in intratumoral CD8+ T cells through
lipotoxicity, and dampens their ability to control tumor
progression.’3% Since promoting FA catabolism of CD8
T cells improves their ability to combat tumors,™ it will
be interesting to see whether selective activation of FA
utilization in T cells would enhance the antitumor
immune response in F1 subtypes.

TACE is recommended for intermediate-stage
patients with HCC. However, indicators for TACE
response need to be determined. Here, we found that
F3 subtypes exhibited higher response rate than F1,
although doxorubicin, a chemotherapeutic agent
injected into the hepatic artery in TACE, presented
higher efficiency in F1 patients (Supplemental Figure

S16A, http://links.lww.com/HEP/H917). One plausible
explanation for the seemingly contradictory finding is
that F3 tumors were more dependent on OXPHOS
(Figure 3G, H). TACE loads both chemotherapeutic and
hypoxic stress on cancer cells. The F1 patients with
high glycolysis and HIF activity may already be hypoxic
prior to TACE (Figures 3F, |, L). Hypoxia response may
cause TACE resistance.2 Further study is warranted
to clarify the precise mechanism of TACE resistance in
F1 subtypes.

Sorafenib is the standard systemic therapy for
advanced HCC, yet potential predictive biomarkers and
mechanisms of response or resistance to sorafenib have
not been extensively identified. We demonstrated that
FAD subtypes were predictive to sorafenib efficacy in
PDX models and patient cohorts, thus linked FA
metabolism and sorafenib response. Recent research
has suggested that sorafenib-mediated lipotoxicity con-
tributes to its therapeutic efficacy, in which sorafenib acts
as a direct LXR signaling activator and promotes liponeo-
genesis and a toxic accumulation of saturated FAs.3 |n
patients with high FAD activity, the FAs could be oxidized
thus the lipotoxic effects could be reduced, which explains
why F3 subtypes are sorafenib nonresponders. In
addition, we found that sorafenib treatment results in a
switch from F1 to F3 subtypes in vitro and in vivo, which
partly explains the mechanism of sorafenib resistance in
patients with HCC and highlights the sequential or
combination therapies of sorafenib and TACE.

Several limitations to this study need to be acknowl-
edged. First, most of our cohorts were retrospective.
Second, we provide preliminary evidence that the FAD
subtypes can be diagnosed based on liquid biopsies.
Additional liquid biopsy—based cohorts with therapeutic
response data available will be more helpful. Third, we
linked FAD subtypes with several first-line therapies to
HCC. The precise underlying molecular mechanisms
remain to be elucidated. A recently published article by
Murai and colleagues demonstrated that intratumor
steatosis may be a useful noninvasive imaging bio-
marker for predicting the efficacy of T + A therapy.
Mechanically, the intratumoral lipid accumulation
induced immunosuppression in macrophages and fibro-
blasts through PD-L1 upregulation in steatotic patients
with HCC. .34 Overalll, the study here and the work led by
Murai and colleagues are complementary to each other.
FAD subtypes are stable in their nonviral cohort and
linked to class I/I/lll (Supplemental Figure S9H, http://
links.lww.com/HEP/H917). Murai and colleagues con-
cluded that steatotic HCC (supposed to be class II) may
be ideal candidates for T + A therapy from a very small
cohort (n = 30), which is consistent with our findings
that F2 subtypes are responsive to T + A therapy from a
large sample size (n = 261). In addition, the mechanism
proposed by them that lipid accumulation induced
immunosuppression can partly explain the immune-
enriched but immune-exhausted TME in F1 subtypes.
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In summary, we defined a FAD classification of
HCC through multiomics analysis and proposed a
personalized treatment algorithm based on FAD
subtypes. Further investigations in larger prospective
cohorts are warranted to determine the potential
utilization of FAD subtypes for personalized therapy
in HCC.
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